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A Robustness Discussion

This section discusses in more detail the results described in Section 6.3, where we explore

robustness to alternative identifying assumptions, more demanding specifications, and alternative

datasets. We begin by studying job-finding in our supplementary dataset, the LEHD J2J data

described earlier in Section 4.2. Although the LEHD J2J does not provide the rich individual-

level demographics or information on spell length that the CPS does, the fact that it is aggregated

from administrative data on the near-universe of state unemployment-insurance records makes

it a valuable source of additional information. We follow the empirical strategy detailed in

Section 5.4, where we estimate a difference-in-differences model for the complementary-log-log

of observed job-finding rates for newly unemployed job-seekers at the state-race-time level.

Figure E.2 reports estimates from event-time versions of Equation 5.12 using the LEHD

J2J, where we plug in observed job-finding rates bs,r,t(τ) for λds,r,t(τ) and estimate via OLS.

Econometric properties of this plug-in estimator were addressed in more detail in Section 5.4.

Unlike Figure 3, where we showed analogous event-time plots for our CPS data, all three panels

in Figure E.2 suggest the existence of downward relative trends in PECC-ban states prior to

PECC bans’ implementation. After PECC bans went into effect, we see that the decline in black

job-finding rates accelerated, whereas job-finding rates for both Hispanics and whites rose for a

period and then fell slightly.
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The existence of a downward trend in black job-finding rates in the LEHD J2J, but no trend

in the CPS, is somewhat puzzling. One possibility is that, because the LEHD J2J includes some

individuals who made job to job transitions not via unemployment, but voluntarily took time

off from work between jobs, the downward trend for the LEHD J2J could be driven by these

on-the-job switchers. These individuals are not ever counted as unemployed in our CPS analysis.

The divergent pre-trends in states enacting PECC bans in the LEHD J2J data suggest that

we explore the robustness of these results to alternative identifying assumptions. To begin, Panel

A, Column (1) in Appendix Table 1 shows coefficient estimates that correspond to the LEHD

J2J event-time plots in Appendix Figure E.2. Column (2) adds controls for linear trends at the

state-race level to explore sensitivity to the baseline difference-in-difference estimator’s parallel

trends assumption. Column (3) adds state-time fixed effects to Column (1), creating a more-

demanding triple-difference estimator as in Equation 5.3. Finally, Column (4) adds state-race

linear trends to Column (3). Recall that the triple-difference estimator estimates the effect of

PECC bans on the difference between black and white (or between Hispanic and white) job-

finding rates. These triple-difference specifications require the weaker identifying assumption

that the difference between black and white (or between Hispanic and white) job-finding rates

would have exhibited common trends between states banning and not banning PECCs, in the

absence of PECC bans.1

The results in Column (2) of the table change markedly relative to Column (1), all becoming

more positive and less precise relative to the estimates in Column (1). This is to be expected,

given the negative pre-trends for all three races apparent in the LEHD J2J figures. When we

add state-time fixed effects in Column (3), the estimates become more similar to our baseline

estimates in Column (1), with the estimated effect for blacks being around −1.5 log-points,

although this estimate is imprecise. Finally, when we add state-race linear trends in Column

(4), the point-estimates for blacks roughly doubles in magnitude relative to Column (3), while

the Hispanic estimate also increases in magnitude. Columns (5)-(8) reproduce Columns (1)-(4),

adding the controls for changes in state policy and economic conditions discussed in Section

5.5. Adding these controls does not have a clear pattern of effects on the coefficients, increasing

some estimates but decreasing others. In general, the overall pattern is similar, with estimates

for blacks showing a moderate, negative effect on job-finding rates, and estimates for Hispanics

being near zero or slightly positive.

We graphically validate the absence of pre-trends for blacks in the specification from Column

(3), using event-time estimates corresponding to this triple-difference estimator. These estimates

are shown in Appendix Figure E.3. Looking at Panel A, which shows the evolution of black job-

finding hazards compared to white-job finding hazards in PECC-ban states compared to non-ban

states, we confirm there was little discernible trend prior to PECC bans’ implementation. After

PECC bans are introduced, black job-finding rates steadily decline relative to white job-finding

rates. Black job finding rates seem to recover around 10 quarters after the PECC bans are

passed. Turning to Panel B, we see that there may be a slight downward trend in job-finding

1We re-emphasize that these estimates only estimate the impact of PECC on blacks or Hispanics relative to
the impact for whites. Only under the further restriction that PECC not impact job-finding rates for whites do
these estimates represent the total impact of PECC for blacks or Hispanics.
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rates for Hispanics that decelerates slightly after PECC bans were introduced. This explains

the sensitivity of the estimates for Hispanics in Panel A of Appendix Table 1 to the inclusion of

state-race linear trends.

Overall, these results lend additional credence to our baseline estimates that PECC bans

have a significant negative effect on job-finding rates for blacks. Six of the eight estimates of the

effect of PECC on black job-finding in the LEHD J2J are negative, and 4 of the eight estimates

are economically large in magnitude, although they are smaller in magnitude than our baseline

estimates from the CPS, varying from one-half to one-sixth of our CPS estimates. Furthermore,

the most demanding specifications in Columns (4) and (8) are both economically significant and

precisely estimated. However, these results also illustrate the continuing difficulty of estimating

the effect of PECC bans on Hispanics. Because our estimates for Hispanics are volatile across

specifications and datasets, we conclude that our the estimated positive effect of PECC bans on

Hispanic labor market outcomes should be interpreted with caution.

We also replicate the eight columns of our LEHD J2J robustness table in our CPS data. These

results are shown in Panel B of Appendix Table 1. Column (1) repeats our baseline analysis of

CPS job-finding from Column (1) of Table 4. Column (2) then adds, as our LEHD J2J results,

state-race linear trends to our baseline CPS specification in Equation 5.11. We see that adding

state-race linear trends increases the magnitude of the black and Hispanic estimates of the effect

of PECCs on job-finding, although it also substantially increases the standard errors. Moving to

Column (3), where we add state-time fixed effects to the specification from Column (1), turning

the specification into a triple-difference estimator, we see that the estimated effect of PECC bans

on blacks is reduced and made noisier, but is still economically significant. The estimated effect

for Hispanics is indistinguishable from the estimate in Column (1). Appendix Figure E.4 reports

the event studies corresponding to Column (3), showing relatively little pre-trend for blacks and

a steady decline in job-finding rates after PECC bans go into effect. Conversely, Hispanic job-

finding rates jump up in the first two years after a PECC ban goes into effect, but then decline

to around their previous levels. Finally, in Column (4) we add state-race specific linear trends to

the triple-difference specification in Column (3). This change roughly triples the estimated effect

for blacks to over 32 log-points, while the estimate for Hispanics is now smaller (although the

estimate for Hispanics is imprecise). The patterns in this table are broadly similar to those we

observe in the LEHD J2J, further validating our headline CPS results on job-finding. Columns

(5)-(8) repeat columns (1)-(4), but add controls for state level covariates that vary over time

and proxy for economic and policy shocks. Adding these covariates substantially increases the

magnitude of the estimated effect for blacks, while having mixed effects for Hispanics. Adding

these controls roughly halves the point estimates for whites.

Finally, in Appendix Table 2 we perform the same robustness analysis for the effect of PECC

bans on separation rates for new hires. This analysis is particularly important in light of the

pre-trends evident for blacks and Hispanics in Figure 4. Beginning with Column (2), we see that

adding state-race linear trends nearly doubles the magnitude of the point estimates for blacks,

while the estimated magnitudes for Hispanics and whites are sharply reduced, suggesting that

the estimates for them are driven by pre-existing trends. This finding is confirmed when we turn

to Column (3), which shows that adding state-time effects to Column (1) increases the estimate
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for blacks considerably compared to our baseline specification in Column (1), while it decreases

the estimate for Hispanics to less than half its previous size. Adding state-race linear trends in

Column (4) further reduces the Hispanic estimate, while increasing the estimate for blacks by

another fifty percent. These changes should not be surprising given the substantial pre-trends

visible for Hispanics in the event-time version of Column (3), which is shown in Appendix Figure

E.5. Again, as in Appendix Table 1, adding controls for state-time covariates in Columns (5)-(8)

substantially increases the magnitude of the estimated effects for blacks, confirming that our

results are not driven by PECC bans being confounded with other state-level policy or economic

shocks. Overall, Appendix Table 2 confirms our finding that PECC bans are associated with

increases in separation rates for black new hires, while casting some doubt on the relationship

between PECC bans and separation rates for new hires for whites and Hispanics. This is the

same conclusion reached in our earlier analysis of a placebo sample and of job-level variation, in

Section 6.2.

B Wage Results

We focus on separation rates for new hires as our main measure of the effect of PECC bans on

match quality. However, wages are another important measure of match quality. Additionally,

general equilibrium effects of PECC bans on non-directly affected workers may also appear in

wages. We investigate these potential wage impacts of PECC bans in this section, expanding

upon our brief discussion in Section 6.2. Appendix Table 3 reports estimates of the effect of

PECC bans on the hourly wages of newly hired workers following PECC bans. These estimates

parallel the results in Column (1) in Table 5 and Columns (1), (5), and (6) in Appendix Table

2. Starting with Column (1), we see that the estimated overall effect of PECC bans on hourly

wages is small, only −.4 log-points, and is similarly small when the results are broken down by

racial group, with estimates less than 1 log-point for all three races. However, it must be noted

that the estimates by race are quite noisy, with large standard errors that make it difficult to rule

out economically large results for both blacks and hispanics. This imprecision is highlighted by

the results in Columns (2) and (3), which add state policy and economic controls and then state-

race linear trends, and it results in large changes from specification to specification, without any

particular pattern. This inconsistency of the results combined with their imprecision highlights

that these data may not be well-suited to study the wage effects of PECC bans on wages.

PECC bans may also affect hourly wages through general equilibrium effects on labor markets.

We examine this possibility by looking at the relationship between PECC bans and hourly wages

among long-term workers who are not laid off following PECC bans in Appendix Table 4. Similar

to the results in Appendix Table 3, the results are in general near zero and quite noisy, with

the possible exception of hispanics, for whom the estimated is negative, moderate in magnitude,

and statistically significant in our main specification. However, the magnitude, significance, and

sign of these hispanic results are inconsistent across the four specifications, making it difficult to

interpret the results. Broadly, we view these results as too noisy to use for reliable inference.

One potential concern with the results reported in Appendix Tables 3 and 4 is that hourly

wages may be measured with error, particularly for workers who are not paid by the hour.
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Consequently, the estimates may be attenuated towards zero. In results available upon request,

we explore this possibility by estimating the effect of PECC bans on weekly wages and hourly

wages for the subset of workers paid by the hour. Although the exact estimates differ, the broad

pattern of small, noisy, and inconsistent results we found in 3 and 4 is the same for these two

additional sets of analyses. Definitive analysis of the effect of PECC bans on wages will have to

wait for different empirical strategies or datasets.

C Model Details

This appendix section generalizes the analysis of Section 3 without the assumption that match

qualities are identically distributed across groups, i.e., the assumption that that µB0 = µW0 and

hB0 = hW0 . This section also provides details of the quantitative version of the model, which

implements this more general case in exploring our empirical results.

We continue the exposition of Section 3 at the point of equation 3.6. For an arbitrary number

of groups r, the hiring threshold κ in the more general case is defined implicitly by

M =
∑
r

mrλ
r (C.1)

λr = 1− Φ

 κ− µr0(
(hrε + thrs)

/
(hr0 (hr0 + hrε + thrs))

)1/2

 ∀r (C.2)

Expressions 3.9 through 3.10 are unchanged in this more general case, relative to those in

the main body of the text. The differentiation and manipulation that follows these cases is

more involved in the general case, but the basic steps are the same. Equation C.2 is partially

differentiated with respect to κ and t for each group r, and these derivatives are evaluated at

t = 0. These expressions are substituted into equation 3.10. After manipulation, we obtain a

more general version of expression 3.12,

dλB

dt
> 0 ⇐⇒ hBs

hWs
>
hBε
hWε

(
hB0 + hBε
hW0 + hWε

)(
hW0
hB0

)(
1 +

∆µ

κ− µB0

)
(C.3)

where we define ∆µ = µB0 − µW0 .

This more general expression is equal to the original expression 3.12 with the addition of two

multipliciative factors, each of which relates to one of the assumptions that have been relaxed

relative to the main body of the text. The first of these factors captures the effect of differences in

the dispersion of match qualities hW0 . The second of these factors captures the effect of differences

in average match qualities µr0. In the second of these two factors, note that κ−µB0 is positive by

the earlier assumption – consistent with observed job-finding rates being below 50% – that firms

hire from the right half of the (perceived) match quality distribution. Hence, the inequality in

C.3 is more likely to hold when the term ∆µ is negative; that is, when match qualities differ in

average terms, the availability of PECCs is more likely to benefit a group with lower average
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match quality, holding signal precisions constant.

In the quantitative version of the model developed in Section 6.4, we search for parameters

that generate observed hiring rates and separation rates in the cases with and without PECC

bans in place, which correspond to the model cases where t = 1 and t = 0 respectively. The key

step in this process is to estimate the hiring theshold κ in each case.

To estimate κ, we first calibrate each group’s population share mr using estimates of the

unemployed population from Table 2. We calibrate the number of positions to be filled, M ∈
[0, 1], using Table 3 to estimate monthly flows of new hires from among the unemployed as a

share of the unemployed population. We do not change these calibrations as we search across

different parameter values.

With those calibrations in hand, we then solve for κ numerically given any putative set of

model parameters. Using these parameters, we simulate mrN draws from each group’s match

quality distribution, and then simulate signal realizations for each of these draws. We then find

the N · M highest values of Bayesian posteriors about these draws’ match quality, across all

groups r, where posteriors are calculated as in expression 3.2 or the analogous expression for the

case when PECCs are available. The implicit hiring cutoff κ is then defined by the minimum

of these M highest posteriors. The simulation sample size N begins with N = 106 and adjusts

upward to N = 109 as our search across possible parameter values gets closer to convergence, to

aid with the precision of the simulated model moments.

Model moments are generated as follows. Job-finding rates for each group are simply the

share of that group’s mrN posteriors that fall above the estimated κ. Subsequent separation

rates are generated by modeling the firm’s firing decision as a tradeoff between a given hire’s

match quality, the expected match quality of making another new hire, and the firing cost c.

Specifically, all new hires are fired if their true match quality falls below the quantity,∑
r

mrE[yi|µ2(ηi, si, r) > κ]− c (C.4)

where the first term is the expected match quality of a new hire averaged over all possible groups,

and c is the firing cost a firm incurs for firing the currently hired worker. The expectation in the

first term is likewise solved for numerically using the mrN draws from each group.

The simulated firing and job-finding rates provide a total of twelve model moments, where

the twelve is for three groups, two cases with and without PECCs, and two rates. These twelve

moments are compared to the twelve counterparts from our empirical work as described in the

main body of the text. We search across parameter values to minimize the unweighted sum of

squared differences between these twelve moments.

One technical note is also relevant to describing this exercise. We note that in principle the

implementation of a PECC ban will change the composition of match qualities in the applicant

pool as firms endogenously change their hiring and firing strategies, and so there will in principle

be a gradual rather than immediate convergence path to a new, post-PECC-ban equilibrium.

While it is possible to solve for this convergence path in the same simulations above, we believe

this extra complexity detracts from the core focus of the quantitative model. Thus we assume

that the composition of match qualities in the pool of job seekers is unchanged under a PECC
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ban in our model simulations. Equivalently, this can be seen as an assumption that flows into

and out of unemployment that are affected by the availability of PECCs are “small” relative to

other flows determining the characteristics of the applicant pool.

We also explore robustness to using other estimates of PECC bans’ effects, both using job-

level variation (Panel B of Table 4, column (3) of Table 5) and using state-level and demographic

controls (column (3) of Table 4, column (6) of Table 5). All of the results emphasized in the

qualitative discussion of the model simulations in Section 6.4 are robust to using these alterna-

tive sets of empirical moments. Some other interesting results appear when using some sets of

empirical moments and not when using others: for example, in all cases except in the case when

we use state variation and include state-level and demographic controls, we find that Hispanic

job applicants have the lowest PECC signal precision of the three groups we study, which may

relate to the elevated share of Hispanics with thin or no credit files that has been noted elsewhere

(Brevoort et al. (2015)).

D Data Appendix

Here we note a few additional features of interest regarding sample selection, variance-covariance

matrices, and weighting.

D.1 Sample Restrictions

Because PECC-ban states implemented their bans at different times, we balance the number

of pre-ban years and post-ban years across all PECC-ban states, using the maximum number

of balanced years available in our data.2 For the CPS data this results in using four pre-ban

years and three-post ban years: no more than four pre-years are available, because Washington

enacted its ban in 2007 and a CPS redesign in 2003 presents considerable challenges in using

earlier survey years;3 no more than three post-years are available for many states, because the

majority of state PECC bans were enacted in the years 2010 to 2014, and as of this writing

CPS data were only available through February 2018. Similar data constraints result in using

six pre-ban years and two post-ban years and one quarter in the LEHD J2J data, as the LEHD

J2J data were only available through the first quarter of 2017.

These efforts to balance the number of pre-ban and post-ban years in PECC-ban states do

result in excluding all post-ban years for the state that has enacted PECC bans most recently:

Delaware. Including this state while balancing the number of post-ban years would require using

only two and a half post-years in the LEHD J2J data, which we view as undesirably restrictive.

We also note that, because our measures of job-level variation among the unemployed rely

on knowing job-seekers’ most recent jobs, we exclude from our analysis any job-seekers who

2We restrict the sample to a balanced panel of years. In the absence of heterogeneous treatment effects, the
unbalanced sample would also provide an unbiased estimate of the average treatment effect. However, because
there may be heterogeneous treatment effects we conservatively restrict our sample to the balanced set of event-
years.

3Specifically, the CPS classification system for industries and occupations changed in 2003, which makes it
impossible to define a consistent set of job groups to use both before and after 2003 for our job-level analyses.
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do not report a most recent job (new labor market entrants). For sake of consistency across

specifications, we impose the same sample restriction when using state-level variation. Including

these new entrants in our state-level analyses generally tends to attenuate, although not undo,

our results. This restriction has the added benefit of making our CPS sample more similar to

our LEHD J2J sample, which only includes individuals who recently separated from a job.

We use one additional sample restriction when we estimate models using job-level variation,

as described in Section 5.2. Because we have been unable to find reliable evidence on which jobs

were covered or exempted by Washington’s PECC ban, we exclude data from Washington for all

results at the job level.

D.2 Inference and Weighting

Following Bertrand et al. (2004), to account for correlated shocks within states over time, and

also to account for instances in which the same individual has multiple unemployment spells in

our CPS panel, all of our standard errors are clustered at the state level or the state-race level.4

Finally, we note that throughout our CPS analysis we use sample weights as suggested by

CPS documentation (i.e., longitudinal weights when estimating flows, and cross-sectional weights

otherwise). In the LEHD J2J, all specifications are weighted by the newly unemployed population

in the given state-race-year.

D.3 CPS Data Appendix

We use the panel dimension of the 2003-2018 Current Population Survey’s (CPS) micro-data (US

Census Bureau (2015a)). The Bureau of Labor Statistics uses the CPS to measure cross-sectional

unemployment and labor-force participation, while the panel dimension is used for estimating

gross flows in and out of unemployment, employment, and non-participation (e.g., as in Shimer

(2012)). Monthly sample sizes are about 100,000 adults, each of whom stays in the sample for

four consecutive months, then leaves for eight months, and then re-enters for a final four months.

The panel has a rotating structure so that roughly one-eighth of the sample is in each of the

eight months.

We adjust the panel structure of the raw CPS micro-data only slightly. We correct household

identifiers for occasional erroneous matches between months.5 Due to recent improvements in

the CPS micro-data (see Drew et al. (2014) for a discussion) this procedure does not rely on the

more intricate matching process often used on CPS data from the 1990s and earlier (Madrian

and Lefgen (1999)). We also remove military members and any children aged eighteen or younger

from our panel. In order to have more clearly interpretable flow estimates, we remove individ-

uals on temporary layoff from the population we refer to as “unemployed” (Katz and Meyer

(1990)). Finally, as illustrated in Figure 1, the number of pre and post-ban years varies between

4To be precise, all standard errors are clustered at the state level, except for the standard errors displayed
as confidence intervals in Figure E.3, which needed to be clustered at the state-race level due to computational
constraints.

5More precisely, when one household is replaced by another due to mid-panel attrition, we generate new
identifiers for the replacement households in cases where the new and old identifiers coincide. This affects less
than 0.07% of households in the data.

8



treatment states. Consequently, for states implementing PECC bans, we restrict the sample to

a balanced set of pre and post-ban years common to all states, which is 3 years before the bans’

implementation and 4 years afterwards.

When measuring an individual’s race, we make the ad hoc classification choice that multi-

racial individuals are “black” whenever they identify partly as black, and otherwise are “His-

panic” whenever they identify as Hispanic. We group all other race groups into a non-minority

category that we refer to as “white.” Thus we reach three mutually exclusive categories which

we refer to together as “race.”

D.4 LEHD J2J Data Appendix

The CPS provides rich longitudinal information on individual job-finding hazards and separation

rates. However, our estimates, although reasonably precise, are somewhat noisy. Furthermore,

data in the CPS is self-reported and this may result in further uncertainty. We address these

concerns by analyzing the Job-to-Job (J2J) Flows data released as part of the Longitudinal

Employer-Household Dynamics (LEHD) program (US Census Bureau (2015b)). This is a publicly

available administrative data aggregated from Unemployment Insurance (UI) records from all 51

states and Washington, DC.6 As in the CPS, we restrict the sample to a balanced set of pre and

post-treatment time periods. In the case of the LEHD, this restriction limits us to 12 quarters

post-treatment and 16 quarters pre-treatment. Figure 1 illustrates LHED-J2J availability for the

treated states. We refer to these data as the LEHD J2J data.

The LEHD J2J reports three different measures of transitions to new jobs, depending on the

duration of unemployment spells between jobs. These three measures correspond to spells that

last two or more quarters (“transitions from persistent unemployment”), spells that last roughly

one quarter (“adjacent-quarter transitions”), and spells that last less than one quarter (including

spells of zero length, i.e. job changes without any time off from work). Because of the coarse

nature of the quarterly data none of these three categories contains exclusively voluntary or

involuntary job changes. In our analysis we focus on the intermediate category, adjacent-quarter

flows. We note that this category includes spells of involuntary unemployment but also short

voluntary breaks between jobs (Hyatt et al. (2015)). The choice to use this category strikes a

balance between trying to focus on involuntary unemployment, which would be impossible in

the shortest-duration category, and avoiding duration-dependence problems that would arise in

using the longest-duration category.7

6Note that although the LEHD compiles data from all 51 states, as described in more detail below, We
exclude some states due to data limitations. Particularly, we exclude Vermont, Washington, and Connecticut
(three treated states) because their are insufficient numbers of pre and post-treatment years given our balanced
sample restriction. Additionally, we also excluded Montana, South Dakota, Wyoming, and Idaho to because these
are small states and the number of workers of different races are very small. The data from these suppressed states
is still included in the flows data for other states. For example, if a person separated from a job in New York and
took a job in Connecticut, this would be recorded as a job-to-job flow for New York, even though Connecticut’s
own flows data are suppressed.

7These duration dependence problems arise because the same individual appears in the unemployed pool in
multiple quarters, yet the length to-date of the spell in each case is unobserved. See Section 5 for more discussion
of how we account for duration dependence in the CPS data.
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The Census releases the LEHD J2J data separately by worker race categories. The census

generates these race data by merging the Unemployment Insurance data using Social Security

Numbers (SSNs) with the Decennial Census short form, which contains detailed race informa-

tion, and the Social Security Administration (SSA) Personal Characteristics File (PCF), which

contains more limited information on race.8 Roughly 95% of observations in the LEHD J2J are

matched to either the Census short form or the SSA PCF file. Race is imputed for the remaining

5% of observations (Abowd and McKinney (2009)). Following our procedure in the CPS data, we

then aggregate race into three major categories: black, Hispanic, and a non-minority category

referred to as “white.” The Census releases both raw and seasonally adjusted versions of the

LEHD J2J. We use the seasonally adjusted time-series.

8Most importantly, the PCF does not contain information on Hispanic origin.
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Appendix Figure E.1: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding

State-Job-Race FE, Time-Race FE

(a) Blacks

(b) Hispanics

(c) Whites

Notes: This figure shows the results of an event-time analysis of the difference in job-finding for newly unemployed individuals between states banning
and not banning Pre-Employment Credit Checks (PECCs) before and after the PECC bans went into effect. Each panel shows results for a different race.
The reported coefficients come from estimating with MLE a version of the proportional hazards model in Equation 5.12, where we use state-job-race fixed
effects in lieu of state-race fixed effects, and where we interact an indicator for being covered by a PECC ban with the expected probability of being in
a PECC covered job (given the unemployed workers previous job j(i)), Ds(i),t × Πj(i),s(i), with indicators for event time, κst. Event time is defined
as the calendar year and month, t, minus the year and month that a PECC ban took effect in state s. To improve precision we pool twelve months of
event-time dummies into year dummies. The model also includes time-race and state-job-race fixed effects. The sample is restricted to balanced event
years common to all PECC-ban states. Microdata on individual unemployment and job-finding come from the Current Population Survey (US Census
Bureau (2015a)). Error bars show 95% confidence intervals generated from standard errors clustered at the state level.
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Appendix Figure E.2: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: LEHD J2J

State-Race FE, Time-Race FE

(a) Blacks

(b) Hispanics

(c) Whites

Notes: This figure shows the results of an event-time analysis of the difference in the complementary log-log of the average job-finding rate (i.e.
ln(− ln(1 − job-finding rate))) between states banning and not banning Pre-Employment Credit Checks (PECCs) before and after the PECC bans went
into effect. The reported coefficients come from estimating a version of Equation 5.2 where we interact an indicator for being covered by a PECC ban,
Ds(i),t, with indicators for event time, κst. Event time is defined as the calendar year-quarter, t, minus the year-quarter that a PECC ban took effect
in state s. The model also includes year-quarter-race and state-race fixed effects. Regressions are weighted by the number of individuals of a given race
who separated from their jobs in state s in year-quarter t. The sample is restricted to balanced event years common to all PECC-ban states. Data
on job-finding rates for workers who separate from their main jobs come from the Longitudinal Employer-Household Dynamics Job-to-Job Flows data
(LEHD J2J) (US Census Bureau (2015b)). Error bars show 95% confidence intervals generated from standard errors clustered at the state level.
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Appendix Figure E.3: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: LEHD J2J

State-Race FE, Time-Race FE, Time-State FE

(a) Blacks

(b) Hispanics

Notes: This figure shows the results of an event-time analysis of the difference in the complementary log-log
of the average job-finding rate (i.e. ln(− ln(1− job-finding rate))) between states banning and not banning Pre-
Employment Credit Checks (PECCs) before and after the PECC bans went into effect. The reported coefficients
come from estimating a version of Equation 5.3 where we interact an indicator for being covered by a PECC
ban, Ds(i),t, with indicators for event time, κst. Event time is defined as the calendar year-quarter, t, minus the
year-quarter that a PECC ban took effect in state s. The model also includes year-quarter-race, state-race, and
year-quarter-state fixed effects. The inclusion of state-quarter-year fixed effects means the reported coefficients
should be interpreted as the difference between PECC-banning states and others states in the difference in the
job-finding rate between blacks or Hispanics and whites. Regressions are by the number of individuals of a given
race who separated from their jobs in state s in year-quarter t. The sample is restricted to balanced event years
common to all PECC-ban states. Data on job-finding rates for workers who separate from their main jobs come
from the Longitudinal Employer-Household Dynamics Job-to-Job Flows data (LEHD J2J) (US Census Bureau
(2015b)). Error bars show 95% confidence intervals generated from standard errors clustered at the state-race
level.
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Appendix Figure E.4: Event-Time Analysis of the Effect of PECC Bans on
Job-Finding: CPS

State-Race FE, Time-Race FE, Time-State FE

(a) Blacks

(b) Hispanics

Notes: This figure shows the results of an event-time analysis of the difference in job-finding for newly unemployed
black and Hispanic individuals between states banning and not banning Pre-Employment Credit Checks (PECCs)
before and after the PECC bans went into effect. Each panel shows results for a different race. The reported
coefficients come from estimating with MLE a version of the proportional hazards model in Equation 5.12 where
we interact an indicator for being covered by a PECC ban, Ds(i),t, with indicators for event time, κst, and where
we add state-time fixed effects to the original specification. Event time is defined as the calendar year and month,
t, minus the year and month that a PECC ban took effect in state s. To improve precision we pool twelve months
of event-time dummies into year dummies. In addition to state-time fixed effects, the model also includes time-
race and state-race fixed effects. The inclusion of state-time fixed effects means the reported coefficients should be
interpreted as the difference between PECC-banning states and others states in the difference in the job-finding
hazard between blacks or Hispanics and whites. The sample is restricted to balanced event years common to all
PECC-ban states. Microdata on individual unemployment and job-finding come from the Current Population
Survey (US Census Bureau (2015a)). Error bars show 95% confidence intervals generated from standard errors
clustered at the state level.
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Appendix Figure E.5: Event-Time Analysis of the Effect of PECC Bans on
Separations: New Hires

State-Race FE, Time-Race FE, Time-State FE

(a) Blacks

(b) Hispanics

Notes: This figure shows the results of an event-time analysis of the difference in involuntary separation rates
for workers newly hired out of unemployment between states banning and not banning Pre-Employment Credit
Checks (PECCs) before and after the PECC bans went into effect. Each panel shows results for a different race.
The reported coefficients come from estimating a modified linear probability model of Equation 5.3 where we
interact an indicator for being covered by a PECC ban, Ds(i),t, with indicators for event time, κst. Event time
is defined as the calendar year and month, t, minus the year and month that a PECC ban took effect in state s.
To improve precision we pool twelve months of event-time dummies into year dummies. The model also includes
time-race and state-race fixed effects. The inclusion of state-time fixed effects means the reported coefficients
should be interpreted as the difference between PECC-banning states and others states in the difference in the
separation rate between blacks or Hispanics and whites. The sample is restricted to balanced event years common
to all PECCs-ban states. Microdata on individual unemployment and involuntary separation rates for new hires
come from the Current Population Survey (US Census Bureau (2015a)). Error bars show 95% confidence intervals
generated from standard errors clustered at the state level.
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Appendix Table 1: Robustness of Impact of PECC Bans on Job-Finding

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A. LEHD J2J 
Panel A1. Separately by race
    1(Black)*1(Treated by Ban) -0.0458* 0.0126 -0.0149 -0.025* -0.0326 0.0061 -0.0162 -0.0319*

(0.03124) (0.01062) (0.01195) (0.01858) (0.0299) (0.01517) (0.01739) (0.02155)
    1(Hispanic)*1(Treated by Ban) 0.0201 0.0601*** 0.002 0.0148 -0.0062 0.0223* -0.0127 -0.0107

(0.02312) (0.02251) (0.00862) (0.01941) (0.01074) (0.01511) (0.01056) (0.01284)
    1(Non-Hispanic white)*1(Treated by Ban) -0.0129 0.0313** 0.0028 0.0311**

(0.01805) (0.018) (0.01687) (0.01394)

Panel A2. Overall Effect
    1(Treated by Ban) -0.0107 0.0322** 0.0025 0.029***

(0.01767) (0.01554) (0.01614) (0.01148)

N 5700 5700 5700 5700 5700 5700 5700 5700
States 44 44 44 44 44 44 44 44
Ban States 7 7 7 7 7 7 7 7

Panel B. CPS
Panel B1. Separately by race
    1(Black)*1(Treated by Ban) -0.106** -0.190 -0.0743 -0.322* -0.131** -0.225 -0.0960 -0.334

(0.0416) (0.184) (0.0683) (0.190) (0.0665) (0.216) (0.0898) (0.230)
    1(Hispanic)*1(Treated by Ban) 0.0887* 0.110 0.0769 0.0534 0.0784 0.186** 0.0962* 0.119

(0.0489) (0.0687) (0.0512) (0.0987) (0.0624) (0.0839) (0.0580) (0.114)
    1(Non-Hispanic white)*1(Treated by Ban) -0.00649 0.0760** -0.00547 0.0485

(0.0283) (0.0387) (0.0309) (0.0398)

Panel B2. Overall Effect
    1(Treated by Ban) -0.0157 0.0476** -0.0213 0.0290

(0.0214) (0.0216) (0.0304) (0.0257)

N 342,049 342,049 340,788 340,788 342,049 342,049 340,788 340,788
States 51 51 51 51 51 51 51 51
Ban States 10 10 10 10 10 10 10 10

Time(-Race)a Fixed Effects Y Y Y Y Y Y Y Y
State(-Race)a Fixed Effects Y Y Y Y Y Y Y Y
State-Time Fixed Effects N N Y Y N N Y Y
State(-Race)a Linear Trends N Y N Y N Y N Y
Demographic Controls (-Race)a,b N N N N N N N N
State Policy/Economic controls (-Race)a N N N N Y Y Y Y

     0   1
  ak 132   0
  al 144   0

Notes: This table reports OLS estimates of difference-in-differences and triple-difference models for the complementary-log-log of race-specific aggregate job-
finding rates (i.e. ln(-ln(1-job-finding))). Data are from the LEHD J2J. Column (1)  includes the state(-race)a and time(-race)a fixed effects that implement 
difference-in-differences (Equation 6.11 in the text), while Column (2) adds controls for linear trends at the state-race level. Column (3) adds state-time 
effects to the specification from Column (1), implementing a triple-difference estimator. Column (4) then augments the triple-difference model with linear 
trends at the state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) , (2), (3), and (4) extra controls at the state level.  
Three treated states (Vermont, Washington,  Connecticu)  are not included in this table due to data limitations. Standard errors clustered at the state level 
are shown in parentheses. Set of extra controls are: Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state 
was activelly extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 if 
the state had any ban of the box policy at the time, dummy variable if the state expanded MedicAid (most states expadned in January of 2014), and a 
measurement for unemployment insurance extensions during the great recession by Hsu et al. (2018)
a. Regressions in panel A interact all the controls by race dummies.

Notes: This table investigates the robustness of the estimates of the effect of PECC-bans on job finding rates
using alternative datasets and empirical strategies. Panel A reports OLS estimates of difference-in-differences
and triple-difference models for the complementary-log-log of race-specific aggregate job-finding rates (i.e. ln(-
ln(1-job-finding))) using the LEHD J2J data. Panel B reports MLE estimates of race-specific log differences in
job-finding hazard rates following a PECC ban, using a variety of difference-indifferences and triple-difference
models and data from the CPS for years 2003-2018. In both Panels, Column (1) includes the state(-race)a and
time(-race)a fixed effects that implement difference-in-differences (Equation 6.11 in the text), while Column (2)
adds controls for linear trends at the state-race level. Column (3) adds state-time effects to the specification from
Column (1), implementing a triple-difference estimator. Column (4) then augments the triple-difference model
with linear trends at the state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns
(1) , (2), (3), and (4) extra controls at the state level. In Panel A (LEHD-J2J), three treated states (Vermont,
Washington, Connecticut) are not included in this table due to data limitations of the LEHD-J2J. Standard errors
clustered at the state level are shown in parentheses. The set of extra controls for state economic and policy
variables is: Saiz’s price elasticity of housing multiplied by year dummies (Saiz (2010)), a dummy variable that
equals 1 if the state was actively extracting oil with fracking in a given year (Bartik et al. (forthcoming)), the
share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if
the state had any Ban-the-Box policy in a given year, a dummy variable that equals 1 if the state had expanded
Medicaid by a given year (most states expanded in January of 2014), and a measurement for unemployment
insurance extensions during the Great Recession (Hsu et al. (2018)).
aAll controls used in regressions of Panel A are interacted by race dummies.
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Appendix Table 2: Robustness of Impact of PECC Bans on Separation: CPS

(1) (2) (3) (4) (5) (6) (7) (8)
Panel A: Effect separately by race
1(Black)*1(Treated by Ban) 0.0266* 0.0542** 0.0342** 0.0749** 0.0473** 0.0678** 0.0545** 0.102***

(0.0145) (0.0260) (0.0147) (0.0283) (0.0227) (0.0278) (0.0258) (0.0370)
1(Hispanic)*1(Treated by Ban) -0.0453*** -0.0104 -0.0170 0.0269 -0.00646 0.0446 -0.00133 0.0615

(0.0142) (0.0359) (0.0177) (0.0532) (0.0167) (0.0397) (0.0200) (0.0490)
1(Non-Hispanic white)*1(Treated by Ban) -0.0235*** -0.0142 -0.0205*** -0.0163

(0.00807) (0.0148) (0.00741) (0.0152)

Panel B: Overall effect
1(Treated by Ban) -0.0246*** -0.00592 -0.0246*** -0.00592

(0.00637) (0.0125) (0.00637) (0.0125)

N 54,160 54,160 53,726 53,726 54,160 54,160 53,726 53,726
States 51 51 51 51 51 51 51 51
Ban States 10 10 10 10 10 10 10 10

Time(-Race)a Fixed Effects Y Y Y Y Y Y Y Y
State(-Race)a Fixed Effects Y Y Y Y Y Y Y Y
State-Time Fixed Effects N N Y Y N N Y Y
State(-Race)a Linear Trends N Y N Y N Y N Y
Demographic Controls (-Race)a N N N N N N N N
State Policy/Economic controls (-Race)a N N N N Y Y Y Y

DD DDD

Notes: This table reports linear probability model estimates of race-specific differences in separation rates for newly hired workers following a PECS ban, using a variety of difference-in-differences 
and triple-difference strategies. Data are from the CPS for years 2003-2018. For convenience, Column (1) is a repeat of the state-time difference-in-differences results in Column (1) of Table 8.  

Column (2) adds controls for linear trends at the state(-race)a level. Column (3) adds state-time effects to the specification from Column (1), implementing a triple-difference estimator. Column 
(4) then augments the triple-difference model with linear trends at the state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) , (2), (3), and (4) extra controls at 
the state level. Standard errors clustered at the state level are shown in parentheses. New hires are defined as individuals observed with previous unemployed-to-employed transitions in up to 15 
months of history in the CPS panel. Standard errors clustered at the state level are shown in parentheses. Set of extra controls are: Saiz' price elasticity of housing multiplied by year dummies, 
dummy variablet hat equals 1 if the state was activelly extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000), dummy variable that equals 1 
if the state had any ban of the box policy at the time, dummy variable if the state expanded MedicAid (most states expadned in January of 2014), and a measurement for unemployment 
insurance extensions during the great recession by Hsu et al. (2018)

a. Regressions in panel A interact all the controls by race dummies.

DD DDD

Notes: This table reports linear probability model estimates of race-specific differences in separation rates
for newly hired workers following a PECC ban, using a variety of difference-in-differences and triple-difference
strategies. Data are from the CPS for years 2003-2018. For convenience, Column (1) is a repeat of the state-
time difference-in-differences results in Column (1) of Table 8. Column (2) adds controls for linear trends at
the state(-race)a level. Column (3) adds state-time effects to the specification from Column (1), implementing
a triple-difference estimator. Column (4) then augments the triple-difference model with linear trends at the
state-race level. Column (5) , (6), (7), and (8) add to the specifications in columns (1) , (2), (3), and (4) extra
controls at the state level. Standard errors clustered at the state level are shown in parentheses. New hires are
defined as individuals observed with previous unemployed-to-employed transitions in up to 15 months of history
in the CPS panel. Standard errors clustered at the state level are shown in parentheses. The set of extra controls
for state economic and policy variables is: Saiz’s price elasticity of housing multiplied by year dummies (Saiz
(2010)), a dummy variable that equals 1 if the state was actively extracting oil with fracking in a given year
(Bartik et al. (forthcoming)), the share of manufacturing jobs in 2000 multiplied by year dummies (ACS 2000),
a dummy variable that equals 1 if the state had any Ban-the-Box policy in a given year, a dummy variable that
equals 1 if the state had expanded Medicaid by a given year (most states expanded in January of 2014), and a
measurement for unemployment insurance extensions during the Great Recession (Hsu et al. (2018)).
aAll controls used in regressions of Panel A are interacted by race dummies.
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Appendix Table 3: Impact of PECC Bans on Hourly Wages: New Hires

(1) (2) (3)
Panel A: Effect separately by race
1(Black)*1(Treated by Ban) 0.00932 0.0201 0.0184

(0.0309) (0.0289) (0.0608)
1(Hispanic)*1(Treated by Ban) -0.00861 0.0414** -0.0195

(0.0187) (0.0193) (0.0279)
1(Non-Hispanic white)*1(Treated by Ban) -0.00508 0.00221 -0.0280

(0.00924) (0.00973) (0.0206)

Panel B: Overall effect
1(Treated by Ban) -0.00431 -0.00431 -0.0237**

(0.00877) (0.00877) (0.0118)

N 268,864 268,864 268,864
States 51 51 51
Ban States 10 10 10

Time(-Race)a Fixed Effects Y Y Y
State(-Race)a Fixed Effects Y Y Y
State-Time Fixed Effects N N N
State(-Race)a Linear Trends N N Y
Demographic Controls (-Race)a N N N
State Policy/Economic controls (-Race)a N Y Y
Notes: This table reports linear  model estimates of race-specific differences in (log) hourly wages for newly hired 
workers following a PECS ban, using a variety of difference-in-differences and triple-difference strategies. Data are 

from the CPS for years 2003-2018.  Column (1) presents results when controling for state(-Race)a and year(-Race)a 

fixed effects. Column (2) adds extra controls at the state level. Column (3) adds state(-Race)a linear trends 
additionally to the controls in column (2). Standard errors clustered at the state level are shown in parentheses. 
New hires are defined as individuals observed with previous unemployed-to-employed transitions in up to 15 months 
of history in the CPS panel. Standard errors clustered at the state level are shown in parentheses. Set of extra 
controls are:  Saiz' price elasticity of housing multiplied by year dummies, dummy variablet hat equals 1 if the state 
was activelly extracting oil with Fracking, share of manufacturing jobs in 2000 multiplied by year dummies (ACS 
2000), dummy variable that equals 1 if the state had any ban of the box policy at the time, dummy variable if the 
state expanded MedicAid (most states expadned in January of 2014), and a measurement for unemployment 
insurance extensions during the great recession by Hsu et al. (2018)

a. Regressions in panel A interact all the controls by race dummies.

Notes: This table reports linear model estimates of race-specific differences in (log) hourly wages for workers
who did not lose their jobs following a PECC ban, using a variety of difference-in-differences and triple-difference
strategies. Data are from the CPS for years 2003-2018. Column (1) presents results when controlling for state(-
Race)a and year(-Race)a fixed effects. Column (2) adds extra controls at the state level. Column (3) adds
state(-Race)a linear trends additionally to the controls in column (2). Standard errors clustered at the state level
are shown in parentheses. New hires are defined as individuals observed with previous unemployed-to-employed
transitions in up to 15 months of history in the CPS panel. Standard errors clustered at the state level are
shown in parentheses. The set of extra controls for state economic and policy variables is: Saiz’s price elasticity
of housing multiplied by year dummies (Saiz (2010)), a dummy variable that equals 1 if the state was actively
extracting oil with fracking in a given year (Bartik et al. (forthcoming)), the share of manufacturing jobs in 2000
multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if the state had any Ban-the-Box policy
in a given year, a dummy variable that equals 1 if the state had expanded Medicaid by a given year (most states
expanded in January of 2014), and a measurement for unemployment insurance extensions during the Great
Recession (Hsu et al. (2018)).
aAll controls used in regressions of Panel A are interacted by race dummies.
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Appendix Table 4: Impact of PECC Bans on Hourly Wages: Long-Term Employees

(1) (2) (3) (4)
Panel A: Effect separately by race
1(Black)*1(Treated by Ban) 0.0139 -0.0144 0.00512 -0.0227

(0.0287) (0.0342) (0.0250) (0.0353)
1(Hispanic)*1(Treated by Ban) -0.0190** -0.00265 -0.00998* 0.00327

(0.00849) (0.00815) (0.00555) (0.00776)
1(Non-Hispanic white)*1(Treated by Ban) 0.00374 0.000412

(0.00760) (0.00493)

Panel B: Overall effect
Treated by Ban 0.000370 -0.00148

(0.00821) (0.00378)

N 1,513,664 1,513,664 1,513,664 1,513,664
States 51 51 51 51
Ban States 10 10 10 10

Time(-Race)a Fixed Effects Y Y Y Y
State(-Race)a Fixed Effects Y Y Y Y
State-Time Fixed Effects N N Y Y
State(-Race)a Linear Trends N Y N Y
Demographic Controls (-Race)a N N N N
State Policy/Economic controls (-Race)a N N N N

DD DDD

0
a. Regressions in panel A interact all the controls by race dummies.

Notes: This table reports linear model estimates of race-specific differences in log(hourly wages) for workers
who did not lose their jobs following a PECC ban, using a variety of difference-in-differences and triple-difference
strategies. Data are from the CPS for years 2003-2018. Column (1) presents results when controlling for state(-
Race)a and year(-Race)a fixed effects. Column (2) adds extra controls at the state level. Column (3) adds
state(-Race)a linear trends additionally to the controls in column (2). Standard errors clustered at the state level
are shown in parentheses. New hires are defined as individuals observed with previous unemployed-to-employed
transitions in up to 15 months of history in the CPS panel. Standard errors clustered at the state level are
shown in parentheses. The set of extra controls for state economic and policy variables is: Saiz’s price elasticity
of housing multiplied by year dummies (Saiz (2010)), a dummy variable that equals 1 if the state was actively
extracting oil with fracking in a given year (Bartik et al. (forthcoming)), the share of manufacturing jobs in 2000
multiplied by year dummies (ACS 2000), a dummy variable that equals 1 if the state had any Ban-the-Box policy
in a given year, a dummy variable that equals 1 if the state had expanded Medicaid by a given year (most states
expanded in January of 2014), and a measurement for unemployment insurance extensions during the Great
Recession (Hsu et al. (2018)).
aAll controls used in regressions of Panel A are interacted by race dummies.
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